Introduction
Because of its constant bandwidth-to-frequency ratio, the continuous wavelet transform ͑CWT͒ provides powerful multiresolution analysis in both time and frequency domains and thereby becomes a favored tool to extract the transitory features of nonstationary signals. Nowadays, it has been widely applied to a variety of engineering fields. However, the appearance of a small number of undesirable phenomena in the CWT results still limits its wider engineering applications. Firstly, as the CWT adopts the matching mechanism between the wavelet function and the inspected signal to identify the properties of the signal, overlapping is unavoidable in the results of the CWT ͓1͔. Secondly, the practical signal sometimes carries considerable noise. The noiseinduced structures, such as "ripples," "blips," and oscillations, are usually present in the results derived by the CWT ͓2͔. Both aforementioned phenomena give rise to interpretational difficulties.
Aiming at minimizing the redundant information in the results of the CWT, Newland ͓3͔ suggested a method named wavelet ridge extraction, which belongs to the hard-threshold techniques in theoretical terms. Undesired information caused by overlapping may not be removed by this method. Tse and Yang proposed an overlapping reduction method based on statistics and the maximum matching mechanism of wavelet transform ͓1͔. Unfortunately, this method disrupts the smoothness of the wavelet coefficients and in the practical situation it is a hard task to determine the number of dividing regions. To the authors' best knowledge, at present few effective methods are available for reducing the phenomenon of overlapping. On the other hand, a novel softthresholding method was proposed by Donoho ͓2͔ from a theoretical point of view in order to eliminate the redundant noiseinduced structures in CWT results. This method is mainly concerned with the noise cancellation problem in wavelet coefficients, but is not helpful for solving the problem of overlapping.
In view of the aforementioned reasons, a new soft-threshold in terms of exponential functions is designed in this paper and its effectiveness on minimizing overlapping is proved by a series of simulated and practical experiments. The remaining contents of the paper are organized as follows. In Sec. 2, the new softthreshold is designed and its benefit is proved by using a simulated experiment. In Sec. 3, both simulated and practical experiments are performed to demonstrate the feasibility of the proposed method in practical application. Concluding remarks are given in Sec. 4.
The New Soft-Threshold
In order to eliminate the redundant information and further enhance the interested spectral features of the signal, threshold criteria are often adopted to trim the wavelet coefficients ͓3,4͔. Moreover, it has been widely recognized that the strategy of the threshold affects the purified results directly. However, yet today, how to choose an ideal threshold still remains a question. Donoho ͓2͔ has suggested a novel soft-threshold for minimizing the negative effect caused by noise. It is defined as
where the scale estimate = MAD/ 0.6745, with MAD the median absolute value of the appropriately normalized fine-scale wavelet coefficients. ␥ refers to the largest singular value of the wavelet coefficients at the scale being considered, and n is the number of data samples contained in the signal being inspected.
The wavelet coefficients c i are recovered by
Given a simulated signal as
where z i ϳ N͑0,1͒ refers to white noise, = 1.5 indicates the noise level, x i Ј is a nonstationary signal, it is formulated as
The CWT results of the signal x i and the trimmed results derived by using Eqs. ͑1͒ and ͑2͒ are shown in Fig. 1 . The signal x i is as shown in the bottom plot of the figure. In Fig. 1͑b͒ , the wavelet coefficients derived at scale 1 are used to calculate the MAD. From Fig. 1 , it is seen that after adopting Donoho's approach, the noised-induced structures in the results of the CWT are partially reduced and thereby a better image is actually obtained. However, the overlapping still exists in the trimmed results, so that the exact frequency features of the transient signals y 1 , y 2 , and y 3 can hardly be identified from Fig. 1͑b͒ . Subsequently, the wavelet ridge extraction method ͓3͔ was adopted to analyze the signal and the results are shown in Fig. 2 .
Obviously, Fig. 2 shows a very clean image. But the results shown in the figure further confirm the viewpoint mentioned above, i.e., the undesired information caused by overlapping may not be removed by the wavelet ridge extraction method, and, as a consequence, the overlapping still exists and confuses us when trying to understand the signal correctly.
In order to minimize the overlapping as much as possible, a new soft-threshold function is designed in the following. It is formulated as
where Ͼ 0 is a parameter governing the shape of function S. As shown in Fig. 3 , the smaller the value of , the greater the tendency of the function S to give a decrease.
The wavelet coefficients c i are trimmed by using the following equation:
͑6͒
From Eq. ͑6͒, it is seen that, in contrast to other hard-or softthreshold criteria, the smoothness and continuity of the signal will not be destroyed after being trimmed by using the proposed softthreshold. This soft-threshold is inspired by the maximum matching mechanism of wavelet transform. The equation of the CWT that is applied to a signal x͑t͒ can be described as
where ͗·͘ indicates the inner product; the superscript asterisk * stands for the complex conjugate; and a,b ͑t͒ denotes the daughter wavelets, which are derived from the mother wavelet ͑t͒ by continuously varying both the scale factor a and the translation parameter b. The factor ͉a͉ −1/2 is used to ensure energy conservation. From Eq. ͑7͒, it is known that the wavelet manifests the signal at different levels of resolution by measuring the similarity of the signal and the daughter wavelet at different scales. This implies that, if the geometric shape of a particular daughter wavelet at scale a is closely matched with the shape of a segmental signal at time shift b, then the wavelet-transforming coefficient CWT x ͑a , b͒ will have the largest value. Certainly, this scenario does not imply that the magnitude of coefficient CWT x ͑aЈ , b͒, derived by another daughter wavelet, which has an arbitrary scale aЈ, is zero. On the contrary, the overlapping of coefficients occurs at all of the scales in the same time frame, and, moreover, the closer that scale aЈ approximates a, the larger the magnitude of overlapping is. But in spite of this, the largest value of CWT x ͑a , b͒ can be achieved when the daughter wavelet at scale a closely matches with the segmental signal at time shifting b. It is assumed that if the largest value of CWT x ͑a , b͒ is retained, but the smaller ones derived at other scales are suppressed, then the problem of overlapping may be solved. Thus, it is said that the new soft-threshold shown in Eq. ͑5͒ is inspired by the matching mechanism of wavelet transform. Using this soft-threshold, and combining with Donoho's approach for reducing the structures induced by noise, a strategy for purifying the results derived by the CWT is designed. The strategy is implemented in the following three steps. Since envelope analysis is helpful for enhancing the spectral features of the signal and making them be more explicit and much easier to analyze, the first step will be to perform the envelope analysis of the signal with the aid of the complex Morlet wavelet transforms. The complex Morlet wavelet transform of x͑t͒ at an arbitrary scale a may be formulated as
where j = ͱ −1, = 5 indicates the frequency of the wavelet function, and ␤ is a parameter governing the shape of the wavelet function. The envelope of the wavelet coefficients can be expressed as u͑a,b͒ = ͱ ͕Re͓WT x ͑a,b͔͖͒ 2 + ͕Im͓WT x ͑a,b͔͖͒ 2
͑9͒
Using Eqs. ͑8͒ and ͑9͒, the envelope analysis of the signal x i , which was used in Figs. 1 and 2 , is carried out and the computational results are shown in Fig. 4 . By comparing Figs. 4 and 1͑a͒ , it is obviously found that the spectral features of the signal are further enhanced. Secondly, we apply Eqs. ͑5͒ and ͑6͒ to deal with the wavelet coefficients shown in Fig. 4 . In other words, the wavelet coefficients at the same time shift but at different scales are trimmed by using Eqs. ͑5͒ and ͑6͒, so that the overlapping may be minimized as much as possible. The trimmed results are shown in Fig. 5͑a͒ . It should be noted that here and in the rest of the paper, the parameter in Eq. ͑5͒ is set to be 0.01. From Fig. 5͑a͒ , it is clearly seen that the overlapping phenomenon has been mostly eliminated and thereby the frequency features of the signals y 1 , y 2 , and y 3 become more explicit and much more easily identified. However, a large number of undesirable noise-induced "ripples," "blips," and oscillations still remain in the image. In order to make the image much "cleaner," Donoho's approach is further adopted in the third step of the strategy. Applying Eqs. ͑1͒ and ͑2͒ to deal with the wavelet coefficients shown in Fig. 5͑a͒ , the final calculation results are shown in Fig. 5͑b͒ .
From Fig. 5͑b͒ , it is found that, by using Donoho's noisereduction method, nearly all noise-induced structures have been erased from the image, and compared with the results shown in Figs. 1 and 2 , the time-frequency features of the signals y 1 , y 2 and y 3 shown in Fig. 5͑b͒ are so explicit that they may be easily identified exactly. The scales of these three signals are approximately 12, 14, and 16, respectively. This simulated experiment suggests that the proposed strategy can be used to further purify the results of CWT, and consequently the accuracy of analysis of anomalous signals may be further improved. 
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Experiments
A simulated noisy chirp signal with increasing frequency is used first to examine the effectiveness of the proposed strategy on purifying the results of CWT. The signal is formulated as
where z͑t͒ϳN͑0,1͒ refers to white noise, = 2 indicates the noise level, xЈ͑t͒ is a chirp signal with increasing frequency. It is
where the frequency f increases from 5 to 25 Hz. The corresponding original results derived by the CWT, trimmed results derived by following Donoho's approach, the results obtained by using wavelet ridge extraction method and those derived by using the proposed strategy are shown in Figs. 6͑a͒-6͑d͒, respectively. By comparing the results shown in these figures, the advantages of using the proposed purification strategy can readily be found. In other words, after using the proposed strategy, the overlapping phenomena present in Figs. 6͑a͒-6͑c͒ are greatly reduced and, in consequence, both the time and frequency features of the signal can be accurately identified.
In order to further demonstrate the effectiveness of the proposed strategy in practical application, it has been applied to the vibration signal collected from a cooling system, which suffers occasional voltage fluctuations. The sampling frequency adopted during the data collection process is 40 KHz and the signal is as shown in the bottom plots of Fig. 7 . For facilitating comparison, all corresponding computational results respectively derived by the conventional CWT, Donoho's approach, the wavelet ridge extraction method, and the proposed strategy are shown in the figure.
From Fig. 7 , it is seen that although the two occurrences of voltage fluctuations can be successfully detected also from the results shown in Figs. 7͑a͒-7͑c͒, the exact vibration frequencies when the fluctuation occurs can hardly be identified from these figures. This makes it difficult to evaluate the ability of the cooling system to withstand the voltage fluctuation. But in contrast, after adopting the proposed purification strategy, the spectral features of the signal become so explicit that not only the voltage fluctuation processes but also the frequencies corresponding to the fluctuation can easily be identified. The frequency is around the scale 100 for both times.
Concluding Remark
Aiming at minimizing the undesired effect of overlapping appearing in the results derived by the CWT, a new soft-thresholding method in terms of exponential functions is designed. Using this soft-threshold and combining it with Donoho's approach for eliminating noise-induced structures, a strategy for purifying the results derived by the CWT is proposed. Both simulated and practical experiments were performed for verifying the effectiveness of the proposed strategy on purifying the results derived by the CWT, and the experimental results proved that after adopting the proposed strategy, the spectral features of the inspected signals become more explicit and much more easily identified. This is certainly helpful for significantly improving the accuracy of analysis of anomalous signals.
